Precipitation is still one of the most complex climate variables to observe, to understand, and to handle within climate monitoring and climate analysis as well as to simulate in numerical weather prediction and climate models. Especially over ocean, less is known about precipitation than over land due to the sparsity of in situ observations. Here, we introduce and discuss a global Expert Team on Climate Change and Indices (ETCCDI)-based precipitation climatology. The basis for computation of this climatology is the global precipitation dataset Daily Precipitation Analysis for Climate Prediction (DAPACLIP) which combines in situ observation data over land and satellite-based remote sensing data over ocean in daily temporal resolution, namely data from the Global Precipitation Climatology Centre (GPCC) and the Hamburg Ocean Atmosphere Parameters and Fluxes from Satellite Data (HOAPS) dataset. The DAPACLIP dataset spans the period 1988-2008 and thus the global ETCCDI-based precipitation climatology covers 21 years in total. Regional aspects of the climatology are also discussed with focus on Europe and the monsoon region of south-east Asia. To our knowledge, this is the first presentation and discussion of an ETCCDI-based precipitation climatology on a global scale.
Introduction
While precipitation is one of the most important climate variables, it is also one of the most complex variables regarding global distribution and variability. This makes it difficult to handle, e.g., in climate models. The new global precipitation dataset Daily Precipitation Analysis for Climate Prediction (DAPACLIP) which combines in situ and satellite-based remote sensing data is introduced. The main purpose of the development of the dataset is the evaluation of decadal climate predictions of the Mittelfristige Klimaprognosen (MiKlip) project framework [1] . In this paper, the global and regional aspects of DAPACLIP are evaluated. A special emphasis is put on the Expert Team on Climate Change and detection indices (ETCCDI) that are used for the evaluation. Climatological features related to precipitation and based on the ETCCDI are discussed and certain features for Europe and the monsoon region of south-east Asia are emphasized. Results from this work will form the basic evaluation of the MiKlip decadal prediction system.
A lot of effort has been put into the development of remote sensing-based regional and global precipitation datasets in the past years and decades. Frequently used datasets are the Global Precipitation Climatology Project (GPCP) and products from the Tropical Rainfall Measurement Mission (TRMM). GPCP provides gridded datasets on a monthly and a daily basis. It is a combined This section describes the data, the processing and the methods used for the resulting dataset. For the global dataset, a combination from interpolated and gridded station-based rain gauge measurements is used over land, and a rain rate retrieval algorithm and gridding procedure for satellite-based passive microwave imagers is used over ocean. Both separate datasets are then merged to a single precipitation dataset. The dataset includes the years from 1988 to 2008. It is provided in three different spatial resolutions of 0.5 • , 1 • and 2.5 • . The half degree version is only available for the European domain (30 • N to 80 • N and 30 • W to 65 • E). Otherwise, the whole global scale is covered. For the DAPACLIP dataset and the derived climatology, the use of ETCCDI indices is elucidated.
Rain Gauge Measurements
The GPCC at Deutscher Wetterdienst (DWD) provides daily precipitation products created from station-based rain gauge measurement data. Data are mainly received from national meteorological and hydrological services. Other sources are used as well, e.g., from local authorities, global and regional data collections, and near real-time World Meteorological Organisation Global Telecommunicataion System (WMO-GTS) CLIMAT and SYNOP data. At first, the retrieved station data are checked for quality, e.g., common problems are coding errors in SYNOP data, different latin transcriptions of station names, or transmission errors. Figure 1 shows the number of available stations for the dataset split up into the different sources. The total number of used stations lies approximately between 30,000 in 1988 and 25,000 in 2008. Temporal distribution of used land-surface stations. "SYNOP" are stations distributed via the World Meteorological Organisation Global Telecommunication System (WMO-GTS) , "National" are data provided by national meteorological and/or hydrological services, "GHCN" are data from the Global Historical Climatology Network [11] , "German" are stations operated by Deutscher Wetterdienst (DWD) , "ECAD" are data from the European Climate Data and Assessment [12] , and "Total" is the set union of all available stations at one date (multiple stations counted only once).
For the DAPACLIP dataset used here, the GPCC developed a "Full Data Daily" product [13] . It consists of daily precipitation sums that are interpolated onto a regular grid. Different interpolation schemes have been investigated in order to find the best performing one: inverse distance weighting, SPHEREMAP (described in [14] ), ordinary kriging with different corellogram settings and the mean of the nearest precipitation measurements. Details on kriging are described in [15, 16] . To find the optimal interpolation method, a "leave-one-out" approach was applied to all stations. All schemes were tested with interpolation of precipitation totals and relative anomalies. Ordinary block kriging of relative anomalies was chosen as the best performing interpolation method and was used for the gauge data. The background data for the relative anomaly interpolation were taken from the GPCC Full Data Monthly V7 product [17, 18] . Verification results on the GPCC climatology compared to other datasets are described in [17] . Uncertainty information is provided with the gauge data. The uncertainty is influenced by station density, precipitation amount, precipitation phase and orography. For the Full Data Daily product, the uncertainty information is split into two components. The kriging interpolation error contains biases caused by the spatial distribution of stations and the grid size. The absolute uncertainty contains the standard deviation of the measured precipitation [13, 19] . Figure 2 provides insight into the available features of the GPCC daily precipitation product and gives an impression of data quality and uncertainty. 
Satellite Remote Sensing
A statistical neuronal network algorithm is used to derive precipitation data from satellite-based passive microwave imagers. The data that have been used here are based on the HOAPS-3.2 dataset [20] [21] [22] [23] . This version of HOAPS is provided and distributed by the Satellite Application Facility on Climate Monitoring (CM SAF). The HOAPS dataset itself uses brightness temperatures (BT) from SSM/I. This is explained in detail in [22, 24] . The algorithm is applied over ice-free ocean and 50 km off coasts. Figure 3 shows a spatial map of the HOAPS-3.2 precipitation climatology. Verification results of the HOAPS dataset can be found in [22, 23] , and references therein. For the global precipitation product, HOAPS-3.2 was enhanced by using additional TRMM microwave imager BT data available for 1997 and later. This increases the temporal sampling per region due to the additional instrument overpasses for the respective time range. Thus, the HOAPS rain rate retrieval algorithm was adapted accordingly to allow the processing of TMI data.
After processing the BTs, the rain rates are accumulated to daily precipitation totals and gridded by calculating the Gaussian mean for all pixel values that belong to a certain grid cell. The Gaussian standard error is given as an uncertainty measure.
Data Merging
After separate processing of precipitation data over land (GPCC) and ocean (HOAPS), both datasets are merged by filling the global grid with values from each dataset. Grid cells where data from both land and ocean are available are filled with ocean values. The maximum fraction of land in grid cells with values from both datasets is 5%. Hence it seems reasonable to neglect the GPCC data here. Remaining grid cells are filled with interpolated values from land and ocean data. In this way, data from both GPCC and HOAPS find entrance into corresponding grid cell values. This leads simultaneously to a smooth gradient at the edge of land and ocean data. Figure 4 shows an exemplary day with global precipitation over land and ocean merged from both datasets. The merged GPCC and HOAPS data record is referenced (DOIs 10.5676/DWD_CDC/HOGP_050/V001, 10.5676/DWD_CDC/HOGP_100/V001, and 10.5676/DWD_CDC/HOGP_250/V001, [25] [26] [27] ) and is available via the GPCC webpage [28] . 
ETCCDI
The ETCCDI provides indices and datasets for the assessment of climate variability and change [29] . Here, a subset of these indices is used for the determination of global precipitation characteristics. The selected indices are listed in Table 1 .
An alternative definition of the 95th (r95p) and 99th percentile (r99p) indices is used, since the original definition of each of these indices asks for another background climatology, and then gives the precipitation sum of all days that exceed the percentile threshold. This is more useful when it comes to comparisons, e.g., between models and observation data, or trend detection. Here, we use the percentile values themselves, since these indices illustrate the precipitation climatology in a better way. The Simple Daily Intensity Index (sdii) is the mean precipitation amount that is registered on wet days. More detailed descriptions of the indices can be found in [30] . Number of days with more than 10 mm of precipitation days r20
Number of days with more than 20 mm of precipitation days r95p 95th percentile of the daily precipitation amount mm·day −1 r99p 99th percentile of the daily precipitation amount mm·day −1 rx1
Maximum precipitation sum of one day mm rx5
Maximum precipitation sum of five consecutive days mm sdii Simple Daily Intensity Index mm·day −1 Figure 5 shows the ETCCDI values for the DAPACLIP dataset on a one degree regular longitude/latitude global grid. The consecutive dry days index (cdd) values are shown in panel (a). Here, we find the longest dry spells in the Saharan desert, the Atacama desert, the Gobi desert and the Californian peninsula. The most extreme value is found in the eastern Saharan desert, where the dry spell duration matches the complete dataset time span from 1988 to 2008; Panel (b) shows the consecutive wet days index (cwd). The largest values appear in the monsoon-influenced and tropical regions. We also find characteristically increased values along the west coast of Europe and North America, where wet spell durations exceed one month. Wet spells of more than three months occur on the tropical and monsoon regions, with maximum values of more than nine months along the Pacific coast of Colombia; Panel (c) shows the r95p index. The patterns here correspond well with the annual mean precipitation, as shown in Figure 2 in [2] . In general, maximum values are found along the Intertropical Convergence Zone (ITCZ), e.g., over the central Pacific Ocean, the central Atlantic Ocean, and the Indian Ocean. Also, the typical extra-tropical cyclone tracks can be seen in the north east Pacific off the coast of Taiwan and Japan, and in the northern Atlantic ocean along with increased percentile values at the coast of north-west America and at the European west coasts especially for Norway. At the U.S. east coast, we find increased percentile values, since it is a typical event for this region, that tropical storm systems and hurricanes turn northwards and convert into extra-tropical low pressure systems on their way over the Atlantic. We also find higher percentiles for the west coast of New Zealand. Figure 7 shows selected ETCCDI indices for the Monsoon Asia region, which is here defined from 60 • E to 180 • E and from 15 • S to 55 • N. Here, cdd, cwd, the number of days of the r10 index, and the sdii are shown. Typical monsoon characteristics can be identified for the regions, where both dry and wet spells occur, as can be seen in panels (a) and (b) for the Indian subcontinent and northern parts of Southeast Asia. The climatology shows a duration of six to nine months for dry spells and mostly two to three months and partly up to four months for maximum wet spell durations. The orography influences the spell duration, for example at the Western Ghat mountains of India, where maximum wet spells can endure longer than in the rest of India. The same monsoon characteristic also appears for northern Australia and the surrounding Pacific ocean. For the southern part of Southeast Asia near the equator, the perennial convective ITCZ zone can be identified by the long wet spell duration of up to four months and shorter dry periods over land and over ocean. The consecutive dry day climatology also shows expected large values for the dry regions of the Gobi desert, southern Pakistan, and Afghanistan. Panel (c) shows the very heavy precipitation index r20. This index emphasizes the orographic induced precipitation distribution. In mountainous regions, the number of days with heavy precipitation reaches values up to 90 days per year on average. The same goes for the west coast of Southeast Asia, while the number of days is smaller for the remaining areas and even smaller on the lee side of the mountains. We also find large numbers of days with heavy precipitation over land in the equatorial zone, where numbers also go up to 90 days per year on average. An increased index value can further be seen on the Indian ocean west of the Sumatra island and along the equatorial pacific. Another feature is the region around Taiwan, Japan and the neighboring Pacific ocean, where the structure of increased index values allows to see paths of tropical storm systems and typhoons that occur there. In dry regions, such as the Gobi desert, the index values drop down to one day per year or less on average. Panel (d) shows the sdii. The distribution of extreme values is similar to that of the heavy precipitation index. We find maximum values at the luff of mountainous regions, and smaller values for the rest. They can reach up to more than 30 mm·d −1 . One pixel indicates the Cherrapunjee location with its extraordinary annual precipitation amount of more than 11, 000 mm. The precipitation amount on wet days lies between 27 and 30 mm·d −1 . The SDII values in the equatorial region are smaller than in the monsoon region. Values between 8 and 15 mm·d −1 are reached there. For the already discussed tropical storm region between Taiwan and Japan along the Ryukyu islands, the SDII shows increased values of up to 24 mm·d −1 , corresponding to other indices. In the dry areas, the SDII shows values of less than 2 mm·d −1 . 
Results
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Summary and Discussion
The presented DAPACLIP dataset and the ETCCDI climatology are based on a combination of two separate data sources. Gauge-based GPCC data are used as the precipitation data source over land, and satellite-based data from the HOAPS dataset are used over ocean surfaces. The dataset spans a time range of 21 years from 1988-2008. Three different spatial resolutions are provided: 1 • and 2.5 • for the global scale and 0.5 • for the European domain. Uncertainty measures are also featured within the dataset. The datasets are provided under a digital object identifier (DOI) reference [25] [26] [27] . The DAPACLIP dataset is currently used for the hindcast-based evaluation of the MiKlip decadal forecast system and it has been developed for this purpose in the first place. ETCCDI indices were used for the forecast system evaluation and they allowed for the comparison of statistical and climatological features and their representation in the respective decadal model hindcasts.
In addition, ETCCDI was also used as the basis for the generation of a global precipitation climatology. Nine different indices were examined and a climatology for the whole 21 years (i.e., the DAPACLIP dataset temporal coverage) has been presented for the global scale in general and for the European and the Monsoon Asia region for more details. The climatology is based on the 1 • version of DAPACLIP and is available on request. It shows different climatological features such as tropical storm paths, orographic effects, and monsoon. While climatological large scale features are well reproduced, there are some limitations for small scale features in some regions. There are various reasons for this that will be discussed further.
The density of gauge stations is occasionally sparse. For example, this is the case in Africa and the polar regions. The lack of available station data leads to large correlation distances for the Kriging interpolation method and corresponding uncertainties of up to 100%. The gauge dataset itself features the Kriging interpolation error as shown in Figure 2 , but is not included in the DAPACLIP dataset. The quality of the satellite-based data depends on the available sampling rate. Due to the diurnal distribution of satellite overpasses, not all precipitation events are likely to be detected. In DAPACLIP, the number of available satellites increases with time and so does the sampling rate. The number of available land surface gauges per grid cell varies in time, which influences the spatial sampling essentially. These issues make it difficult to derive trends from this dataset. In certain cases, this can also lead to missing extreme events or the over-representation of some individual strong events. e.g., for these reasons, the rx1 index appears noisy over ocean surfaces. Other indices are influenced by this, too.
Another issue is the interpolation on a regular grid, which leads to weakening of single extreme precipitation peaks, such as the mentioned 2002 flood in eastern Germany. Future versions of the DAPACLIP dataset will include improved uncertainty estimations, also taking into account the Kriging error. Nonetheless, the ETCCDI climatology shows reasonable results for Africa, as one would expect, but it would be useful to evaluate these results in more detail using precipitation products that are independent from GPCC.
Another source of uncertainty for both, satellite and rain gauge measurements are limited detection capabilities for extreme precipitation amounts. Several effects, such as saturation in satellite radiances or wind disturbance at gauges, hamper the exact measurement of extreme events. For these reasons, the rain rate algorithm is currently under development and the next version will be based on a physical retrieval.
Outlook
This study presented results based on the current GPCC database and satellite data derived from SSM/I and TMI observations. It is planned to include additional gauge-based data with improved quality control to enhance the spatial coverage in data void regions. The satellite sampling of HOAPS will be improved by including additional satellite data, e.g., from AMSR-E and the Global Precipitation Mission Microwave Imager (GMI).. The rain rate retrieval will be changed towards the use of a 1D-Var algorithm. This allows for the simultaneous determination of precipitation and uncertainty measures.
More uncertainty features such as the Kriging error will be included. The DAPACLIP dataset is supposed to profit from all these enhancements.
The dataset is currently used for the evaluation of decadal climate predictions and first results from global evaluation are briefly summarized here. A core element of this evaluation is the global ETCCDI-based precipitation climatology. Comparing ETCCDI climatologies of decadal MiKlip hindcasts with this climatology exhibits well known features related to the split of the ITCZ in the eastern Pacific, likely related to biases in simulated sea surface temperatures (SST) [33, 34] . It also exhibits an apparent misplacement of the ITCZ in the Pacific: the difference in the cdd index shows a strong regional maximum at the ITCZ in the MiKlip decadal hindcasts, while a strong overestimation of the cwd index is observed just north of that region.
Several other datasets are suitable for the generation of global ETCCDI-based climatologies. Comparing ETCCDI-based climatologies from various global precipitation datasets is an obvious next step and is considered here to be valuable such that consistencies and differences can be described and ideally understood.
